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A Narrative Review on the Application of Artificial Intelligence on the
Diagnosis and Outcome Prediction for Spinal Diseases

Sung Hoon Choi, M.D., Ph.D., Jonghun Yoon*, Ph.D., and Ye-Soo Park, M.D., Ph.D.”"

Department of Orthopedic Surgery, Hanyang University Seoul Hospital, Hanyang University College of Medicine, Seoul,
*Department of Mechanical Engineering, Hanyang University, ERICA, Ansan, 'Department of Orthopedic Surgery, Hanyang University Guri
Hospital, Hanyang University College of Medicine, Guri, Korea

Artificial intelligence is a concept that includes machine learning and artificial neural networks and is characterized by the rapid analysis
of large-scale data based on fast computation of computers. Various medical studies have been reported to estimate the diagnosis and
prognosis of specific diseases using artificial intelligence technology. Recently, many medical studies using a convolutional neural network,
which is particularly useful for imaging recognition and analysis, have been reported. For various diseases in orthopedic surgery, including
spinal diseases, imaging data, such as simple radiographs, computed tomography, and magnetic resonance imaging, are essential for
determining the diagnosis and treatment of patients. Therefore, compared to other fields of medicine, there are many disease entities
where artificial intelligence can be applied to the diagnosis and treatment of orthopedic diseases. With the increasing importance of
medical informatics, the introduction of artificial intelligence by orthopedic surgeons will positively contribute to the development of
medicine. This review outlines artificial intelligence and introduces studies using machine learning to diagnose and predict spinal diseases.

Key words: machine learning, artificial neural network, convolutional neural network, spine, diagnosis
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Figure 2. Schematic representation of an artificial neural network. An artificial neural network was composed of three layers of input, hidden, and
output layer connecting each other. The difference between the expected and actual results of the artificial neural network serves as a backpropagation
to modify the interconnections of the neural networks weighted according to a specific mathematical method. Cited from the article of Premalatha and
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Table 1. Brief Review of Research about Machine Learning Regarding the Diagnosis of Spinal Disorders

Model type

Application of Artificial Intelligence in Spinal Disease

Training

Test

Objective

Results/conclusion

Author Year
Bishopetal.’” 1997
Sarietal."” 2012
Kim etal.”® 2020
Kim et al.2” 2018
Lin? 2008

Zhang et al.”® 2017

Lessmann etal.?¥ 2019

Galbusera et al.® 2019

Pan et al.? 2019

Weng et al.”” 2019

Yeh et al.?® 2021

MLP

ANN

CNN

ANN

MLP (ANN)

CNN

CNN

CNN

CNN

CNN
(ResUNet)

CNN

161

169

330

15,840

(70%)

NA

235

60

443

959

900

2,210

22

169

14

6,789
(30%)

NA

105

30

50

236

90

400

To determine whether a neural network
analysis system can be effective in
distinguishing patterns.

To predict the intensity of low back pain
using the ANN.

To develop web-based spine
segmentation with deep learning using
computed tomography scans.

To train and validate machine learning
models to identify risk factors for
complications following posterior
lumbar spine fusion.

A multilayer feed-forward,
backpropagation ANN was
implemented to identify the
classification patterns of the scoliosis
spinal deformity.

To develop a computer-aided method
that reduces the variability of Cobb
angle measurement for scoliosis
assessment.

We propose an iterative instance
segmentation approach that uses a
fully convolutional neural network to
segment and label vertebrae one after
the other, independently of the number
of visible vertebrae.

To present an automated method for
extracting anatomical parameters from
biplanar radiographs of the spine

To automatically measure the Cobb
angle and diagnose scoliosis on chest
X-rays.

To validate automatic SVA estimation
on lateral spine radiography using the
current deep-learning techniques

Deep learning could be applied for
automatic landmark detection and
alignment analysis.

The neural network classifier produced
the best results with up to 85%
accuracy on novel “validation” data.

The suggested systems were found to
be promising approaches in addition to
existing unbiased approaches.

The proposed web-based deep learning
approach can be efficient and accurate
for spine segmentation as a diagnostic
method.

Machine learning in logistic regression
and ANNs was more accurate than
benchmark American Society of
Anesthesiology scores for identifying
risk factors of developing complications
following posterior lumbar spine fusion.

The results in the study confirmed the
existence of over-fitting or over-training
in the selected training datasets in the
validation learning session.

For model radiographs, the intraclass
correlation coefficients were greater
than 0.98, and the mean absolute
differences were less than 3°.

The anatomical identification had an
accuracy of 93%, corresponding
to a single case with mislabeled
vertebrae. Vertebrae were classified as
completely or incompletely visible with
an accuracy of 97%.

The standard errors of the estimated
parameters ranged from 2.7° (for the
pelvic tilt) to 11.5° (for the L1-L5
lordosis).

The computer-aided method achieved
a high level of sensitivity (89.59%)
and a relatively low level of specificity
(70.37%) for diagnosing scoliosis on
chest X-rays.

SVA measurement with a median
absolute error of 1.183+0.166 mm
within 0.2 seconds per image.

The proposed automatic alignment
analysis system was able to localize
spinal anatomic landmarks with
high accuracy and to generate
various radiographic parameters with
favorable correlations with manual
measurements.

MLP, multilayer perceptron; ANN, artificial neural network; CNN, convolutional neural network; NA, not assessable; SVA, sagittal vertical axis.
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Table 2. A Brief Review of Research about Machine Learning Regarding the Prediction of Outcomes of Spinal Disorders

Author

Year

Model type

Training

Test Objective

Results/conclusion

Liszka-Hackzell
and Martin'®

Lafage et al.”?

Azimi et al.®”

Cho etal.*®?

Azimi et al.®

Karhade et al.*”

Stopa et al.”

Zhang et al.””

Hopkins et al.*”

2002

2021

2015

2020

2017

2019

2019

2019

2020

Backpropagation
neural network

ANN

ANN

U-net

ANN

Machine learning
algorithm

Machine learning
algorithm

Machine learning

DNN

20

100

201

440
(70%)

174

842
(80%)

NA

58

3,034

10 To present new techniques of patient
assessment that may prospectively

A good correlation showed between the
true and predicted values for general

identify this minority of patients at risk  health (r=0.96) and mental health

of developing poor outcomes.

43 To train and validate an algorithm
mimicking the decision-making of
experienced surgeons regarding
upper instrumented vertebra
selection in surgical correction of
thoracolumbar adult spinal deformity.

101 To develop an artificial neural network
model to predict recurrent lumbar
disk herniation.

189  To develop a fully automated artificial
(30%) intelligence and computer vision

pipeline for assisted evaluation of
lumbar lordosis.

86 To develop an ANN model that is
designed to accurately select patients
for surgery or non-surgical options in
lumbar spinal stenosis.

210
(20%)  for prediction of in-hospital and 90-
day postdischarge mortality in spinal
epidural abscess.
144 To predict risk of nonhome discharge

for patients undergoing surgery for
lumbar disc disorders.

22 To predict vertebral strength by using
machine learning.

1,012 To predict SSIs after posterior spinal
fusions.

(r=0.80).

An artificial neural network successfully
mimicked two lead surgeons’
decision-making in selecting the
upper-instrumented vertebra for adult
spinal deformity correction.

The ANN model was associated with
superior results: accuracy rate,
94.1%; Hosmer-Lemeshow statistic,
40.2%; and area under the curve,
0.83% of patients.

The computer vision algorithm identified
the L1 and S1 vertebrae on 84.1% of
the test set with an average speed of
0.14 seconds/radiograph.

The findings showed that an ANN model
can predict the optimal treatment
choice for lumbar spinal stenosis
patients in a clinical setting and is
superior to the logistic regression
model.

To develop machine learning algorithms Machine learning algorithms show

promise on internal validation for the
prediction of 90-day mortality in a
spinal epidural abscess.

This external institutional validation
of a previously developed machine-
learning algorithm suggests a reliable
method for identifying patients with
lumbar disc disorder at risk for
nonroutine discharge.

The maximum relative errors between
vertebral strengths obtained from QCT
and machine learning models were
7.733 and 6.958% (relative errors
<7.740%).

AUC=0.775, PPV=92.6%,
NPV=98.5%.

ANN, artificial neural network; NA, not assessable; QCT, quantitative computed tomography; DNN, deep neural network; SSI, surgical site infection;
AUC, the area under the curve; PPV, positive predictive value; NPV, negative predictive value.
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